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OBJECT DETECTION APPROACH USING
GENERATIVE SPARSE, HIERARCHICAL
NETWORKS WITH TOP-DOWN AND
LATERAL CONNECTIONS FOR
COMBINING TEXTURE/COLOR
DETECTION AND SHAPE/CONTOUR
DETECTION

CROSS REFERENCE TO RELATED
APPLICATIONS

This application is a continuation of U.S. patent applica-
tion Ser. No. 14/026,812 filed on Sep. 13, 2013, which is a
continuation-in-part of U.S. patent application Ser. Nos.
14/026,295 and 14/026,730, both filed on Sep. 13, 2013, and
further claims the benefit of U.S. Provisional Application
Ser. No. 61/700,748, filed on Sep. 13, 2012. The subject
matter of these earlier filed applications is hereby incorpo-
rated by reference in its entirety.

STATEMENT OF FEDERAL RIGHTS

The United States government has rights in this invention
pursuant to Contract No. DE-AC52-06NA25396 between
the United States Department of Energy and Los Alamos
National Security, LL.C for the operation of Los Alamos
National Laboratory.

FIELD

The present invention generally relates to machine vision,
and, more particularly, to an approach to detecting objects in
an image dataset that combines color/texture detection,
shape/contour detection, and/or motion detection using
sparse, generative, hierarchical models with lateral and
top-down connections.

BACKGROUND

It is generally desirable for machine vision applications to
be as accurate as possible while operating within reasonable
computational constraints. Conventional systems generally
rely on color/texture analyses that require targets objects to
possess one or more highly distinctive, local features that
can be used as distinguishing characteristics for a classifi-
cation algorithm. Many objects, however, consist of mate-
rials that are widely prevalent across a wide variety of object
categories. Much less effort has been made to characterize
objects based on shape, or the particular way the component
features are arranged relative to one another in two-dimen-
sional (2D) image space. Accordingly, applying an approach
that characterizes objects based on shape/contour may be
beneficial. Moreover, less effort still has been made to
characterize objects based on their motion properties, such
as velocity. Applying an approach that characterizes objects
based on perceived motion may also be beneficial. Further-
more, applying a single approach that characterizes objects
using one or all of the three of the aforementioned methods
may be beneficial.

It has been shown that hierarchical, or deep, models for
solving computer vision problems are more generally advan-
tageous than traditional flat architectures. Nearly all existing
hierarchical approaches to computer vision are exclusively
bottom-up or feed-forward in character. In such models,
information flows in only one direction and each subsequent
layer can be trained only after the previous layers have been
completely learned. A fundamental disadvantage of this
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2

exclusively bottom-up or feed-forward approach is that the
features that have been previously learned by a given layer
in the hierarchy cannot be modified to take into account what
is subsequently learned by succeeding layers. As a result,
exclusively bottom-up/feed-forward networks contain a
large amount of redundancy, with the same information
being represented at each stage in the hierarchy. To reduce
redundancy in the system, it may be preferable if instead, all
of the layers in the hierarchy could be learned simultane-
ously in a competitive manner such that the information
extracted by one layer was not redundant with any other
layer, but rather encoded as unique information.

Another problem typically encountered in standard
approaches to training hierarchical networks for solving
computer vision tasks is that the dimensionality of under-
lying feature space will often increase from one layer to the
next. This increase in dimensionality occurs because each
subsequent layer in a hierarchical network receives conver-
gent inputs from a spatial neighborhood of feature detectors
located in the previous layer and because there are, in theory,
a combinatorially large number of ways of combining spa-
tially-distributed features. Thus the outputs of any given
layer are typically of a higher dimensionality than its inputs.
Spatial convergence is vital, however, for enabling hierar-
chical networks to learn feature detectors of increasing
complexity and increasing viewpoint invariance at succes-
sively higher processing stages. Mathematically, hierarchi-
cal networks for solving computer vision tasks should, in
general, need to contain progressively more neurons in each
subsequent hierarchical layer in order to capture the
increased dimensionality and complexity of their inputs.
However, it is generally impractical to increase the size of
each layer in a hierarchy ad infinitum, as the number of
feature detectors in each subsequent layer would grow
exponentially.

In a deep, hierarchical network, there is an incentive to
introduce additional invariance at each subsequent layer.
Traditionally, invariance is encoded into computer vision
systems using a max or mean pooling operation, or some
analogous procedure such as constructing a histogram of
local activity levels. In this approach, layers are sub-divided
into two sub-stages, a first stage including feature detectors
that respond selectively to a particular pattern of inputs, and
a second, typically smaller, stage of invariant detectors that
pool over a small neighborhood of selective feature detec-
tors in the first stage. Such pooling serves to reduce the
dimensionality of the overall output of the layer and to
introduce a small amount of additional invariance to local
translations of the features or objects to be detected.

However, an approach based on max or mean pooling has
been repeatedly shown to fail when scaling up from model
datasets to real world problems. Additionally, max or mean
pooling fails to account for any non-linear transformations
that objects typically undergo, such as changes in viewpoint
or shading. However, some mechanism for incrementally
increasing invariance is desirable. A scalable, general
scheme for incrementally increasing the invariance of the
representations encoded at each layer in a visual processing
hierarchy may be beneficial to the construction of computer
vision systems for viewpoint invariant object detection.

Conventional computer vision solutions often perform
color/texture analysis or shape/contour analysis. Tradition-
ally, these solutions are viewed and compared indepen-
dently. A composite approach that combines an improved
shape/contour detection algorithm and an improved color/
texture analysis algorithm may be more beneficial. Also, a
single deep, sparse, hierarchical network that analyzes both
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color/texture and shape/contour features simultaneously
may be desirable. Furthermore, conventional systems for
solving computer vision problems generally require
immense processing and memory resources. Accordingly, an
approach that is amenable to hardware that requires less
power to run while maintaining computational speed and
accuracy may be beneficial.

SUMMARY

Certain embodiments of the present invention may pro-
vide solutions to the problems and needs in the art that have
not yet been fully identified, appreciated, or solved by
current object detection technologies. For example, a net-
work that is generative, deep, sparse, and hierarchical could
be used for shape/contour analysis, motion analysis, and/or
color/texture analysis. Furthermore, such a network could be
implemented to perform these types of analysis simultane-
ously. This network could be configured to combine some or
all of the independent analysis of shape/contour, motion, and
color/texture, or an appropriate combinatorial algorithm
could be used to combine the independent outputs of the
network.

To learn an entire hierarchy all at once in a competitive
manner requires not only bottom-up, but also top-down
connections, with the top-down connections implementing
the competition between layers. A hierarchical network in
which all layers could be trained simultaneously in a com-
petitive manner so as to reduce redundancy between layers
may therefore be beneficial. Accordingly, some embodi-
ments of the present invention use top-down connections to
create competition between hierarchical processing levels.
Such top-down competition leads to representations that are
sparser and less redundant than would be the case if top-
down competition were absent. It is expected that by virtue
of being sparser and less redundant, the sparse, hierarchical
representations generated in the presence of top-down com-
petition will support superior performance on computer
vision tasks, such as object identification tracking, than
would be possible with other models that lack top-down
competition.

A solution that augments the feed-forward, feature-based
input from previous layers with a lower-dimensional pixel-
based representation, or reconstruction, of the same input
may be beneficial. In this solution, the subsequent layer
could represent the pixel-based reconstruction using its own
feature space that was of higher dimension than the pixel-
based reconstruction itself, thereby capturing additional
spatial complexity and thus potentially compensating for the
difficulty of fully representing the high-dimensional feature-
based inputs from the previous layer. Moreover, such a
solution would allow subsequent layers to have approxi-
mately the same number of feature detectors as previous
layers, while still representing greater complexity at each
level. Such a solution could therefore be highly beneficial
for constructing hierarchical networks for solving computer
vision tasks such as viewpoint invariant object category
detection.

Accordingly, some embodiments of the present invention
use a combination of pixel-based and feature-based diction-
aries in order to mitigate the combinatorial increase in the
number of features that would otherwise be required at
successive processing levels if only feature-based diction-
aries were employed. Whereas the required size of feature-
based dictionaries would be required to grow larger at each
processing level due to the combinatorial number of addi-
tional patterns that can be created by combining different
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features across space, pixel-based dictionaries that can
remain fixed in sized. In some embodiments, pixel-based
dictionaries can be learned from reconstructed images gen-
erated by the sparse set of features that are active in the
previous layer in response to a given image or video frame.
In certain embodiments, the reconstructed image generated
by the sparse set of features with non-zero activity may be
down-sampled so that the required size of the pixel-based
dictionaries remains constant at each processing layer in the
hierarchical network. In some embodiments, the introduc-
tion of pixel-based dictionaries abets and improves the
learning of feature-based dictionaries. In these and some
other embodiments, having pixel-based dictionaries means
the feature-based dictionaries need not be overcomplete. In
other words, they have the ability to represent all combina-
tions of the given feature-based inputs. Therefore, the non-
overcomplete feature-based dictionaries would not grow at
a combinatorial rate.

In order to achieve interlayer invariance to linear and
non-linear transformations while maintaining scalability, it
may be advantageous to impose lateral competition among
the invariant feature detectors forming the second stage of
processing within each layer. In particular, it may be advan-
tageous if the selective feature detectors making up the first
stage of processing within each layer would continue to
function as in many existing hierarchical models, but an
additional second stage of processing within each layer of
approximately equal size and containing more invariant
feature detectors would also be implemented. The second
stage may receive local input at the same spatial location
from the selective feature detectors in the first processing
stage and, in addition, receive spatially convergent lateral
input from a surrounding neighborhood of selective feature
detectors. This may allow the responses of the selective
feature detectors to be viewed in context with respect to the
neighboring selective feature detectors, allowing for
responses from the second processing stage that are invari-
ant to affine transforms of the input object.

It may be desirable for such second stage, invariant
feature detectors based on a combination of local and lateral
inputs to be a more generalizable, scalable alternative to max
or mean pooling. Additionally, it may be desirable for the
invariant feature detectors to be based on local and lateral
inputs, which generate the output for the layer that is visible
to subsequent layers, to be significantly more stable in
response to the small image transformations that occur
between frames of a video sequence than the selective
feature detectors that comprise the first stage of processing.

Accordingly, in some embodiments, a combination of
local and lateral dictionaries can be used to implement a 2"¢
stage of invariant feature detectors at each hierarchical
processing level that are more invariant with respect to small
image transformations, such as those that occur between
successive video frames in a hand-held camera, than the
more selective feature detectors at the 1 stage that provide
input to the 2”9 stage of invariant feature detectors. In some
embodiments, local dictionaries can be used in a similar way
to how pixel-based dictionaries are used above, namely, to
reduce the effective dimensionality of the selective feature
detectors to be represented at the 2”¢ invariant stage of each
hierarchal processing level. In certain embodiments, local
dictionaries enable the learning of lateral dictionaries that
encompass a 9x9 neighborhood of selective feature detec-
tors, or any other desired neighborhood size. In these
embodiments, the combination of local and lateral diction-
aries leads to development of 2"¢ stage invariant feature
detectors that are several times more invariant to small



US 9,477,901 B2

5

image transformations than the more selective 1% stage
feature detectors that provide their input. Some embodi-
ments that combine local and lateral dictionaries represent
an alternative to max pooling, which is currently the state-
of-the-art for incrementally increasing viewpoint invariance.
Unlike max pooling, an approach based on combining local
and lateral dictionaries can be scaled to networks of any size
and depth and, because the local and lateral dictionaries are
learned from the data, such an approach can potentially
account for a wider variety of small image transformations.

Some embodiments of the present invention combine one
or more aspects of a shape/contour detection approach and
a color/texture detection approach. Each individual
approach may generate independent representations of
image data, which may then be combined into a single
coherent output using a clustering algorithm or any other
suitable combinatorial algorithm or technique. In some
embodiments, the independent representations may be gen-
erated and also combined using a deep, sparse, hierarchical
network. In certain embodiments, motion detection may also
be employed. As discussed herein, an image dataset may
include images and/or video.

In one embodiment, a computer-implemented method
includes producing, by a computing system, a first indepen-
dent representation of objects in an image dataset using a
color/texture detection algorithm. The computer-imple-
mented method also includes producing, by the computing
system, a second independent representation of objects in
the image dataset using a shape/contour detection algorithm.
The computer-implemented method further includes com-
bining, by the computing system, the first and second
independent representations into a single coherent output
using a combinatorial algorithm.

In another embodiment, a computer program is embodied
on a non-transitory computer-readable medium. The com-
puter program is configured to cause at least one processor
to produce a first independent representation of objects in an
image dataset using a color/texture detection algorithm,
produce a second independent representation of objects in
the image dataset using a shape/contour detection algorithm,
and produce a third independent representation of objects in
the image dataset using a motion detection algorithm. The
computer program is also configured to cause the at least one
processor to combine the first, second, and third independent
representations into a single coherent output using a com-
binatorial algorithm.

In yet another embodiment, an apparatus includes
memory storing computer program instructions and at least
one processor configured to execute the computer program
instructions. The at least one processor is configured to
combine a first independent representation of objects in an
image dataset produced by a color/texture detection algo-
rithm and a second independent representation of objects in
the image dataset produced by a shape/contour detection
algorithm into a single coherent output using a combinato-
rial algorithm.

BRIEF DESCRIPTION OF THE DRAWINGS

In order that the advantages of certain embodiments of the
invention will be readily understood, a more particular
description of the invention briefly described above will be
rendered by reference to specific embodiments that are
illustrated in the appended drawings. While it should be
understood that these drawings depict only typical embodi-
ments of the invention and are not therefore to be considered
to be limiting of its scope, the invention will be described
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and explained with additional specificity and detail through
the use of the accompanying drawings, in which:

FIG. 1 illustrates a schematic of a sparse, generative
model with top-down competition and combined pixel-
based and feature-based dictionaries, according to an
embodiment of the present invention.

FIG. 2 illustrates learned dictionaries of hierarchical fea-
tures in a two-layer network with and without top-down
competition or without either top-down competition or sup-
porting pseudo-overcomplete pixel-based dictionaries,
according to an embodiment of the present invention.

FIG. 3A is a graph illustrating the number of suprathresh-
old V2 neurons with non-zero activation, expressed as a
percentage of the total number of dictionary elements when
top-down feedback is present, according to an embodiment
of the present invention.

FIG. 3B is a graph illustrating the number of suprathresh-
old V2 neurons with non-zero activation, expressed as a
percentage of the total number of dictionary elements when
top-down feedback is absent, according to an embodiment
of the present invention.

FIG. 3C is a graph illustrating average reconstruction
error with top-down feedback, according to an embodiment
of the present invention.

FIG. 3D is a graph illustrating average reconstruction
error without top-down feedback, according to an embodi-
ment of the present invention.

FIG. 4 illustrates a schematic of a lateral C1 network,
according to an embodiment of the present invention.

FIG. 5 illustrates learned dictionaries of local and lateral
features, according to an embodiment of the present inven-
tion.

FIG. 6A is a graph illustrating frame-to-frame percent
changes in C1 representations, according to an embodiment
of the present invention.

FIG. 6B is a graph illustrating frame-to-frame percent
changes in S1 representations, according to an embodiment
of the present invention.

FIG. 7 illustrates images of examples of clustering algo-
rithm output, according to an embodiment of the present
invention.

FIG. 8 illustrates an image of example output of object
detection on a video frame, according to an embodiment of
the present invention.

FIG. 9 illustrates representative images of what the retinal
emphasis should be, according to an embodiment of the
present invention.

FIG. 10 illustrates images of outputs of edge-detection
layer (A) followed by 5 layers (B-F) of ODD car-distractor
kernels, according to an embodiment of the present inven-
tion.

FIG. 11 illustrates images from color/texture processing,
according to an embodiment of the present invention.

FIG. 12 illustrates images of individual hits with bound-
ing boxes and background clustering, according to an
embodiment of the present invention.

FIG. 13 illustrates images of hits in representative frames
from different processors, according to an embodiment of
the present invention. The top left portion depicts the output
of a color/texture processor. The top right portion represents
detections from a shape/contour processor. The bottom two
images are potential combinations of the two processors.

FIG. 14 illustrates graphs of ROC curves for hit rates
versus false alarm rates, according to an embodiment of the
present invention.
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FIG. 15 is a flowchart illustrating a method for combining
multiple object detection approaches into a single combined
approach, according to an embodiment of the present inven-
tion.

FIG. 16 is a block diagram of a computing system
configured to implement a combined approach to object
detection in an image or video, according to an embodiment
of the present invention.

DETAILED DESCRIPTION OF THE
EMBODIMENTS

Some embodiments of the present invention pertain to an
algorithm including a hierarchical network of computational
layers for color/texture, shape/contour, and/or motion analy-
sis. Certain embodiments may include top-down feedback
from subsequent layers to previous layers that act to create
competition between layers, reducing the redundancy and
increasing the sparseness of the representations generated at
each hierarchical processing level. Some embodiments may
combine both pixel-based and feature-based dictionaries in
order to reduce the effective dimensionality of the feature-
based inputs, augmenting the learning of feature-based dic-
tionaries. Certain embodiments may subdivide the layers
into two stages, including a first stage of selective feature
detectors and a second stage of invariant elements that may
be implemented by combining local and lateral dictionaries.

Some embodiments of the present invention pertain to a
combined approach to object detection and/or tracking in an
image or video including independently evaluating texture/
color cues, object shape/contour, and/or object motion cues
using a hierarchical network with top-down feedback, a
combination of pixel-based and feature-based dictionaries,
and lateral competition to generate representations that are
more invariant to small image transformations. This data
may then be combined into a single coherent output using
the network that generated the independent evaluations. This
combined approach generally results in more accurate object
detection than any individual approach alone.

Sparse, Generative Hierarchical Models with Top-Down
Competition and Combined Pixel-Based and Feature-Based
Dictionaries

Hierarchically organized, sparse, generative models pro-
vide a powerful approach to learning the deep structure of
the visual world from natural images or video. In conven-
tional approaches, learning in hierarchical models is con-
ducted in a bottom-up fashion, with the representations in
each layer being trained only after the previous layer has
been learned. Some embodiments of the present invention
employ top-down feedback and a novel combination of
pixel-based and feature-based dictionaries in order to learn
an entire hierarchy of cortical representations simultane-
ously. In embodiments with top-down competition, a model
neuron located in any given column and any given hierar-
chical layer may compete not only with other neurons in the
same layer and column, as in many conventional hierarchi-
cal models, but also with neurons located in other hierar-
chical layers and in neighboring, overlapping columns.

The top-down competition may be configured to generate
a global “brain-wide” sparse approximation of the original
image or video frame that includes contributions from the
entire hierarchy. In some embodiments, top-down competi-
tion between hierarchically-organized learned dictionaries
leads to representations that are approximately three times
more sparse, while supporting equivalent or slightly superior
image reconstruction quality. Top-down competition
reduces redundant encoding across hierarchical levels,
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allowing higher layers to encode lower spatial-frequency
visual features while lower layers encode higher spatial-
frequency details.

Some embodiments employ pseudo-overcomplete pixel-
based dictionaries to help guide the acquisition of under-
complete feature-based dictionaries. In these embodiments,
the first layer of dictionary elements may be trained on small
image patches, whereas subsequent layers may be trained on
a combination of direct feature-based inputs along with
down-sampled, pixel-based inputs arising from the images
generated by the previously layer’s sparsely activated fea-
tures. All dictionaries in these embodiments may be pseudo-
overcomplete with respect to their pixel-based inputs, mean-
ing that there are more neurons in each layer than there are
pixel-based inputs, although weight sharing between col-
umns imposes a constraint on the effective degree of over-
completeness.

In contrast, all dictionaries may be undercomplete with
respect to their feature-based inputs. Training of the under-
complete feature-based dictionaries may be augmented by
simultaneously training the pseudo-overcomplete pixel-
based dictionaries. This may offer a functional interpretation
of the prominent thalamic projections to non-striate cortical
areas. It is reasonable to expect that top-down competition
in combination with concatenated pixel-based and feature-
based dictionaries leads to learned hierarchical representa-
tions that support improved performance on image classifi-
cation tasks as compared to otherwise equivalent
hierarchical representations that lack both top-down feed-
back and concatenated representations.

FIG. 1 depicts a schematic 100 of a sparse, generative
model with top-down competition and combined pixel-
based and feature-based dictionaries, according to an
embodiment of the present invention. The error layer Errorl
outputs the difference between each input image (or video
frame) after Difference-of-Gaussians (DoG) filtering, repre-
sented by Retina, and the reconstructed image generated by
all three hierarchical layers. The pixel-based error layers
Error2 and Error4 output the difference between the image
reconstructions generated by sparse V1 and V2 activity and
the reconstructions generated by sparse V2 and V4 activity
using the pseudo-overcomplete connectivity matrices B2
and B4, respectively.

The feature-based error layers Error(1,2) and Error(2,4)
compare direct bottom-up input from V1 and V2 with sparse
representations generated via the undercomplete connectiv-
ity matrices T2 and T4, respectively. The pseudo-overcom-
plete matrices B2 and B4 are thus used to help guide the
learning of the undercomplete matrices T2 and T4. All
connectivity matrices are adjusted after a sparse approxima-
tion has been generated for each video frame so as to
minimize the corresponding reconstruction errors. The first
error layer Errorl combines top-down feedback from V1,
V2, and V4 via the composition of connectivity matrices
B1*V1, B1*T2*V2 and B1*T2*T4*V4, respectively, intro-
ducing competition between hierarchical levels that reduces
redundant encoding. A self-interaction (not depicted)
ensures that V1, V2, and V4 activity remains constant when
the total input from their presynaptic error layers is zero.
Image dimensions are for relative comparison of layer
dimensions and are not meant to exactly model any particu-
lar implementation.

FIG. 2 depicts hierarchically-organized dictionaries 200
trained in the presence of top-down competition and with
support from a simultaneously learned pixel-based diction-
ary (top row), compared with the same pair of dictionaries
trained in the absence of top-down competition (middle
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row), and also compared with the same pair of dictionaries
in which both top-down competition and the supporting
pixel-based dictionary have been omitted. Pixel-based Bl
(left column) and feature-based T2 (right column) diction-
aries are plotted for all 128 elements in order of activation
frequency, with top-down competition (B1*T2*V2) and the
pseudo-overcomplete pixel-based dictionary (B2) present
(top row), with top-down competition removed (middle
row), or with the concatenated pixel-based dictionary
removed as well (bottom row). B1 dictionary elements (left
column) span a 12x12 patch of image pixels, B2 dictionary
elements (not shown) span a 12x12 patch of reconstructed
and down-sampled pixels corresponding to a visual field of
24%24 pixels, and T2 dictionary elements (right column)
span a 4x4 patch of V1 neurons corresponding to the same
visual field of 24x24 image pixels.

With top-down feedback present, V1 neurons preferen-
tially respond to high-frequency visual features (top row, left
column). Without top-down competition, V1 neurons are
relatively more responsive to low-frequency visual features
(top row, left column). This observation supports the con-
jecture that top-down competition reduces redundant coding
between hierarchical layers. A clear difference can be seen in
the T2 dictionary elements depending on whether the T2
dictionary is supported by a pseudo-overcomplete pixel-
based dictionary B2. With B2 absent, T2 dictionary elements
are smaller, implying that they spatially integrate fewer V1
neurons into novel features (bottom row, right column). This
observation supports the conjecture that the pseudo-over-
complete pixel-based dictionary B2 helps to constrain and
guide the learning of the undercomplete feature-based dic-
tionary T2.

Graphs 300, 310, 320, 330 of FIGS. 3A-D depict the
effects of top-down feedback on the degree of sparsity given
by the fraction of neurons that have non-zero activation as
a function of frame number over the course of a long video
sequence (~20,000 frames). The number of suprathreshold
V2 neurons with non-zero activation, expressed as a per-
centage of the total number of dictionary elements, is
approximately a factor of 3 lower (mean 0.8% vs. 2.4%)
when top-down feedback is present (graph 300) than when
top-down feedback is absent (graph 310). In contrast, the
average total image reconstruction error is approximately
the same (mean 0.0099 vs. 0.0097) with and without top-
down feedback (graph 320 vs. graph 330, respectively).
Thus, in some embodiments, top-down competition leads to
much sparser representations without sacrificing image
reconstruction quality.

A General, Scalable Method for Learning a 2nd Stage of
Invariant Feature Detectors Using Local and Lateral Con-
nections for Combining 1st Stage Selective Feature Detec-
tors

In the primary visual cortex, the responses of complex
cells in layers II-1II exhibit greater invariance to small image
transformations than do the responses of simple cells in
layer IV. In many models, complex cells acquire their
additional invariance by pooling the outputs of simulated
simple cells with overlapping receptive fields that respond to
similar orientations and spatial frequencies, but are selective
for different phases. Anatomically, however, layer 1I-111 V1
cells make extensive long-range lateral synaptic connections
whose contribution to response invariance remains largely
unexplored.

In some embodiments, sparse approximation techniques
based on a locally competitive algorithm (LCA) are used to
learn long-range lateral pooling patterns from a series of
video clips. The two cortical layers in the model consist of
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columns of translationally-invariant S1 and C1 cells, analo-
gous to V1 simple (layer IV) and complex (layer II/I1) cells,
respectively. Sparseness is enforced by lateral inhibition in
combination with a hard firing threshold. The S1 cells with
suprathreshold (non-zero) activations are used to generate
sparse approximations of each video frame. The connection
weights to the active S1 cells are then adjusted via an online
Hebbian learning rule that reduces the mean squared error
between the reconstructed video frame and the original
video frame. Model C1 cells derive 50% of their input from
S1 cells in the same column and 50% of their input from S1
cells in the surrounding columns. Both the local and long-
range C1 cell receptive fields are learned by minimizing the
mean squared error between the actual and reconstructed
local and surrounding S1 activities, respectively.

Results indicate that the responses of C1 cells with long
range connections can be invariant by a factor or two or
more to small image transformations produced by camera
jitter, self-motion, and object motion than S1 inputs. These
C1 cell responses may also exhibit similar increases in
invariance to the phase of grating stimuli, implying a novel
role for the extensive lateral connections in layers II-III of
the primary visual cortex between putative complex cells. It
is reasonable to expect that laterally connected C1 cells
whose receptive fields are learned via sparse approximation
techniques will support similar accuracy on viewpoint-
invariant object detection tasks to C1 cells constructed using
a more conventional max pooling operation.

FIG. 4 depicts a schematic diagram 400 of how local and
lateral connections can be combined to learn a 2 stage of
feature detectors that are more invariant to local image
transformations than their inputs from 1% stage selective
feature detectors. The error layer E;, . outputs the difference
between the input Image after DoG filtering, represented by
Retina, and the reconstructed image generated by convolv-
ing S1 output activity with the columns of connection matrix
W,,. Similarly, the error layers Eg, ;,.andEg, ;. outputthe
difference between the true S1 activity and the S1 activity
predicted by C1 activity via the local and lateral connectivity
matrices W, ;..and W, ;. respectively. W, W, ;
and W, ;. are adjusted at the end of each video frame so
as to minimize Bres Bsi 70 and Bg, ;. respectively.
Self-interaction (not depicted) ensures that S1 and C1 activ-
ity remains constant when the input from their presynaptic
error layers is zero.

FIG. 5 depicts three feature dictionaries 500 correspond-
ing to the first stage of selective feature detectors W,
denoted by S1 (left), the local connections W, ;. (center),
and lateral connections W, ,, that make up the inputs to
the 2"¥ stage of invariant feature detectors C1 (right). W,
Wei 10w and Wi, ;. are plotted for each dictionary ele-
ment in order of activation frequency. S1 and local C1
features, spanning a 12x12 patch of image pixels and
corresponding to connectivity matrices Wy, and W, ; .,
respectively, are similar to one another and look qualita-
tively like V1 simple cell receptive fields. Lateral C1 fea-
tures, spanning a patch of 44x44 image pixels and corre-
sponding to W, ;... encode smooth continuations of the
local C1 receptive fields.

Graphs 600, 610 of FIGS. 6A and 6B compare the
invariance of C1 vs. V1 representations, respectively, over
the course of a long series of independent short video
sequences. The percent change in the C1 (graph 600) and S1
(graph 610) representations is quantified by the ratio of the
number of dictionary elements whose activities in succes-
sive video frames either switched from zero to non-zero or
from non-zero to zero divided by the total number of unique
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non-zero elements in either frame. Sparse C1 representa-
tions are substantially more stable than the sparse S1 rep-
resentations.

Motion Detection

As discussed above, some embodiments include motion
detection. Most models of the mammalian motion-process-
ing stream are based on motion-energy filters that math-
ematically describe the response properties of direction-
sensitive V1 neurons, but lack a clear physiological
interpretation. In some embodiments, a more physiological
model of V1 direction-selective cells is implemented that
uses connection weights, realistic conduction delays, and
separate excitatory and inhibitory channels. The enhanced
model in such embodiments could implement a conven-
tional motion-energy model, but with the added benefit of
using more realistic neuronal and network dynamics thanks
to the aforementioned hierarchical top-down properties. The
neural network model may exhibit similar responses to the
mathematically defined motion-energy filters, but may admit
a more direct interpretation in terms of the underlying
physiology and anatomy. Motion simulation is well docu-
mented, and standard published models have been tested as
components in the presented deep, hierarchical network.
Some embodiments may include a custom or enhanced
motion detection algorithm.

Neuromorphic algorithms of some embodiments emulate
the visual processing streams found in the primate cortex.
These streams emphasize, among other modalities, texture/
color, shape/form, and motion. These data streams may be
analyzed using a single deep network and then combined
within the network. The results of some embodiments have
a very high rate of detection, which is vital for practical
applications such as defense.

Collective Output

Primary output for each of the three processing modalities
(i.e., color/texture, shape/form, and motion) may be in the
form of rasterized PNG images, where the pixel values
represent the different categories or levels of activation. This
information may then be combined into a coherent and
intelligible output utilizing a spatially aware combination
method. Alternatively, these modalities may each be repre-
sented as neuronal activity files that can be combined within
the hierarchical network itself.

In the case that the three information streams are output
in the form of PNG files, combining the information into
coherent and intelligible output may be accomplished using
an adaptation of a spatial clustering algorithm, such as the
DBSCAN algorithm. In an adaptation of the DBSCAN
algorithm, the three primary inputs may be formatted as
points in a matrix the size of the video frame. The algorithm
may form clusters based on hits that are within a close
proximity and of the same label. The minimum volume
enclosing ellipsoid may then be found to get the appropriate
size and orientation of the bounding box. Motion detections,
which may not have a label, may modify label confidence
values. Contextual clues may also be used in the form of
background labels from the color/texture detection approach
to modify the confidence. For example, it is unlikely to see
a car surrounded by sand, so car hits with sand backgrounds
may be given a lower confidence. In the case of the
independent streams being combined within the network,
simple coding strategies can be employed to combine fea-
ture analysis within a given spatial region with respect to the
input space. For example, if motion selective feature detec-
tors and color/texture selective feature detectors have a
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receptive field that covers the same spatial region of the
input space, they may be afferent onto a feature detector in
a higher layer.

FIG. 7 illustrates images 700 of examples of clustering
algorithm output, according to an embodiment of the present
invention. Original image 710 includes abounding box over-
laid around a car. Image 720 shows bounding box output
within a blank frame. Image 730 shows an example of
clustering for the bounding box. The lines are from shape/
contour detection and the dots are from color/texture detec-
tion.

Some embodiments of the algorithm were scored using
qualitative measures, as well as the DARPA established
scoring metric. The DARPA metric follows the equation:

G N DY ©)

Overlap Ratio= ————
6" U

where G, denotes the i ground-truth object in frame t
and D, denotes the i” detected object in frame t. From Eq.
(3), it can be concluded that the overall score will have a
range from minus infinity to 1, where O is having no
detections at all. This equation heavily penalizes false detec-
tions (see FIG. 8).

In 1,994 frames, an implemented embodiment of the
algorithm scored a —=3.38 in the car category. In this category,
there were 2613 false negatives and 16733 false positives at
20% confidence. The true positive rate was 0.39 and the
number of false positives per frame was 8.39. The high
number of false positives reflected the fact that the color/
texture model often assigned two detections to each auto-
mobile. Other embodiments, however, solve this issue in the
combined output.

FIG. 8 illustrates an image 800 of example output of
object detection on a video frame, according to an embodi-
ment of the present invention. Every car is detected with one
additional detection that is classified as a false positive.
Although a good detection rate was seen, the algorithm did
not score well in the DARPA metric due to false positives.

Shape and Color/Texture Processing Algorithms

The input to the color/texture processor may be down-
sampled to Y4 the original size, which removes much of the
high-frequency luminance information. Presenting each pro-
cessor with a copy of the image is consistent with biological
findings. Studies have shown that whole retinotopic field
representations occur in each of the modules (stripes) of V2,
supporting the claim that the modules utilize different pro-
cessing methods with the same retinal input data. It has also
been noted that different stripes receive afferents from
different populations of V1 neurons, which perform distinct
pre-filtering processes on the retinal input. FIG. 9 shows
representative images 900 of what the retinal emphasis
should be.

Shape/Contour Processing

Some embodiments pre-filter the shape processor input
using a canny-edge filtering technique to effectively remove
any low spatial-frequency and color information. This pre-
filtered input can be delivered to an independent shape
processing algorithm, or into an embedded shape processing
stream in the hierarchical network described with respect to
some embodiments herein.

Some embodiments take into account lateral interactions
based on object-distractor difference (ODD) kernels. ODD
kernels are intended to represent lateral interactions between
cortical neurons located at the same cortical layer. Rather
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than learning a dictionary of features whose complexity
increases traveling up a cortical hierarchy, some embodi-
ments of lateral interactions use a very simple set of feature
detectors, corresponding to edge detectors spanning eight
orientations between 0 and 180 degrees. The activation of
these feature detectors may be modulated by extensive
lateral interactions based on co-occurrence of edges.

In each layer of processing, two kernels may be trained
that represent the target class (e.g., cars) and the distractor
class (the rest of the scene). The kernels may be trained
using ground truth bounding boxes, where edge detectors
with a receptive field within the boxes are maximally
supported for the target class, and vice versa for the distrac-
tor class. The neurons may be supported via pairwise
interactions, although this could theoretically be expanded
to n-wise interactions for improved performance. It has been
demonstrated that 3-way interactions result in improved
performance over 2-way interactions. It is presumed that this
trend will continue to n-way interactions. The final stage of
processing for each layer may be the ODD kernel, which
represents the normalized difference between the target and
distractor kernels. In some embodiments, 5 layers were
trained in this manner, with layer afferents coming directly
from previous layers (the first layer may receive the canny-
filtered image as an input). The number of activated neurons
in some embodiments was reduced by nearly 4 orders of
magnitude from about 88,000 in the first layer, prior to any
lateral interactions, to 214 in the final layer (see images 1000
of FIG. 10—the “num active” term indicates the total
activity summed over all neurons in each image). This was
all done in real time on a 16 node, 8 core-per-node computer.

This ODD-kernel processor has been implemented in the
same framework as the aforementioned hierarchical method.
In some embodiments, the ODD-kernel processor could be
embedded into the hierarchical model and enhanced with
top-down and interlayer lateral connectivity.

Color/Texture Processing

Some embodiments implement semi-supervised object
detection using sparse generative cortical models. Observa-
tions of sparse patterns of neural activation in the visual
cortex have led to models on sparse image-patch represen-
tations using adaptive, over-complete image feature diction-
aries learned from data. These models are generative, allow-
ing reconstruction of the input image, and are compatible
with hierarchical models of the cortex (extending standard
HMAX approaches). These models can also drive many-
category classification of image patches for object detection
within a large video frame.

Some embodiments learn a sparsified overcomplete color/
texture feature dictionary for an image dataset (see image
1110 of FIG. 11). The retinal model may down-sample the
input frame to remove video compression artifacts, reduce
computational expense, and de-emphasize some of the high-
frequency luminance information. The primary visual cortex
(V1) S-cell layer may use greedy matching pursuit to build
a local sparse dictionary representation. The dictionary
elements may be learned using a Hebbian rule (i.e., that
defined in Donald Hebb’s 1949 book The Organization of
Behavior). The S-cell columns may be very sparse, typically
with <5% of local feature detectors active in any given
column. However, the S-cell columns may still allow for
good reconstruction of the input image in distinct to standard
HMAX approaches (see image 1130 of FIG. 11 versus
original image 1120). The V1 C-cell layer may apply a local
max pooling operation, producing a translation-tolerant rep-
resentation of image patches. This pooling operation may
cause a loss of any local shape information, but may not
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significantly affect the ability to identify objects using color
and texture information. Even after pooling, the C-cell
columns may be quite sparse. Note that frame differencing
may not be used. This may allow detection of objects that are
stationary within the frame.

For object detection and classification, a multi-category
generative model may be used based on k-means clustering
of sparse C-cell column responses. This model may be
trained in a semi-supervised way, allowing the image back-
ground to divide up into unlabeled categories (e.g., 30
categories—setting this number is a meta-learning task).
The categories, on inspection, appear strongly correlated
with naturally occurring background scene object catego-
ries, including tree foliage, grass, pavement, water, and
beach (see images 1200 of FIG. 12). Image 1210 shows
individual car hits with green bounding boxes. Image 1220
shows the background clustering (closeness in color has no
meaning). The color/texture algorithm successfully seg-
ments the road, ground, shrubbery, fencing, and lane mark-
ings. The segmentations can be easily combined into parent
categories (e.g., “car”, “road”, and “not road”) to make it
easier to classify target objects.

This set of background categories may then be augmented
with the target “car” category learned using the same spar-
sifying dictionaries for labeled image patches (i.e., super-
vised learning may be used for target categories only). The
final image patch classifier algorithm may be a Euclidean
(L2) minimum distance classifier in this multi-category
space of category mean vectors. The multi-category classi-
fier may be a small component of the overall computation
time (which may be dominated by the formation of sparse
representations in V1 S-cell columns) and may produce
whole scene visualizations that provide additional contex-
tual cues (e.g., correlation of cars with roads, boats with
water, etc.) that could be exploited for object detection, but
are not utilized here.

In some embodiments, the color/texture processor could
be implemented in a hierarchical network. Sparse feature-
based dictionaries could be learned in each layer using
feature detectors and invariance could be introduced using a
second stage of context-aware, laterally connected detectors.
Each layer, containing two stages of processing, could be
connected in a bottom-up and top-down fashion. Such
embodiments could analyze color/texture features much in
the same way as certain other embodiments, but without the
addition of pooling for added invariance.

Combining Visual Pathway Models

Each classifier may be represented as a binary detector.
For the shape/contour processing model, only the final
kernel level may be used in some embodiments and all
remaining edges may be counted as “car” hits, or hits for
whatever other object is sought. For the color/texture model,
all pixels may be counted as hits that are closer to the “car”
cluster than other clusters. The hit rate and false alarm values
may be derived on a pixel level, where all pixels inside a
ground-truth box may be considered “car” and all pixels
outside may be considered “not car”. This may necessitate
radial dilation of the classifier hits to fill in more of the box
area. The receiver operating characteristic (ROC) graph is a
method of plotting that compares the false alarm rate to the
true positive rate, resulting in a curve that has an area that
corresponds to performance at a detection tack, where
increased area indicates better performance. A ROC curve
for comparing “car” detections to “not car” detections may
be populated by steadily increasing the dilation radius and
observing the resulting hit and false alarm values.
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Combining ROC Curves

First, a false alarm threshold may be chosen for the two
input classifiers. Then, the optimal Boolean combination
rules may be computed (5 out of a possible 16) following a
procedure to create an “LLR-ROC” curve. More specifically,
given n binary classifiers, there are 2"2"n possible ways to
combine their binary outputs. Consider the simple case of
two classifiers such as a texture/color classifier and a shape/
contour classifier. In the preceding case example, the clas-
sifiers can be extracted to be binary in the sense that their
output is either “car” or “not car”. These classifiers can be
combined using 16 different Boolean (A AND B, A OR B,
AXOR B, etc.) operators. Of these 16 Boolean operators, 11
have been proven to be trivial in nature. The optimal
operator of the remaining 5 operators may be computed by
comparing the likelihood ratio (LR) of each operator. The
likelihood ration receiver operating curve (LR-ROC) may be
defined as a curve that weakly dominates any combination
of Boolean classifiers, where weakly dominating indicates
that it is no less than the maximum performing classifier at
any given instance.

This curve gives ROC data points that represent the ideal
set of Boolean algebra combinations of the input binary
classifiers. Because algorithms of some embodiments are
functionally independent, the optimal set may be the same as
what would be used for a convex hull ROC analysis. Convex
hull ROC analysis requires completely independent algo-
rithms, and states that if the two trivial points (0,0) and (1,1)
are ignored, the false alarm rate can be maximally reduced
by performing an AND operation on the algorithms, and the
hit rate may be maximally increased by performing an OR
operation. The medial point between the two operations is
the classifier with the highest likelihood ratio, which is the
color/texture processor for the false alarm threshold. How-
ever, given that the algorithms are not completely indepen-
dent, analysis techniques for assessing optimal combination
schemes may be used. The evaluation schemes may be
compared to the quantitative output performance of a hier-
archical network, where each stream is computed indepen-
dently and connected to a combinatorial layer, which would
use the same non-linear summing dynamics found in earlier
processing layers to combine n input streams.

Computing Bounding Box Coordinates

The individual classifier outputs may be represented as
logical binary images, with a value of 1 indicating “car’ hits.
These images may be combined using the optimal rule for
the given false alarm rate described above. The matrix of hits
may then be clustered using a spatial clustering algorithm
called DBSCAN. The algorithm iterates through all points
and clusters them based on a density metric that is computed
from two input parameters. The parameters may then be
optimized based on the ROC performance of the clusters.
Once the hits are clustered, the minimum volume enclosing
ellipsoid may be found to get the appropriate size and
orientation of the bounding box. The final output may be a
comma separated value (CSV) file of bounding box loca-
tions, labels, and label confidences.

Pathway Independence

Several metrics were explored to establish the level of
independence between the color/texture and shape/contour
algorithms in some embodiments. The least quantitative
metric was “functional independence”, which is described as
requiring the same Boolean operators for an optimal com-
bination as two statistically independent algorithms. Condi-
tional independence was also checked, such that P(Y,,
Y,IH,)=P(Y, IH)*P(Y,IH,) for ce {0,1}, where Y, is the
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color/texture processor, Y, is the shape processor, H, is the
null hypothesis (no car is present), and H, is the alternate
hypothesis (car is present).

Here, a relative approximate equality condition was used,
although the theoretical calculation may be performed with
an exact equals condition. The joint probability under H, to
be P(Y,, Y,/H,)=0.1482 and the marginal product to be
P(Y,H)*P(Y,IH,)=0.1046. Under H,, the joint probability
was P(Y,,Y,IH,)=0.013 and the marginal product was
P(Y, Hp)*P(Y,IH,)=0.0006. Additionally, a covariance was
computed under H, of COV,=0.0437 and under H, of
COVg, =0.0012, where a covariance of COV=0 indicates
independence. Finally, the mutual information (derived from
the Kullback-Leibler distance) between the two classifiers
was computed, where a 0 value indicates complete indepen-
dence. Under H; the mutual information was I(Y;
Y,)=0.0746 and under H, the mutual information was I(Y,;
Y,)=0.0058. This analysis demonstrates that the two algo-
rithms are independent enough to be considered separate
processing forms. Although the algorithms were not com-
pletely independent, there are dependencies between pro-
cessing modalities in the ventral visual cortex as well, in part
due to lateral interactions.

FIG. 13 illustrates images 1300 of hits in representative
frames from different processors, according to an embodi-
ment of the present invention. Image 1310 shows the color/
texture processor, image 1320 shows the shape processor,
image 1330 shows the combined processor using the AND
operator, and image 1340 illustrates the combined processor
using the OR operator. The white boxes represent ground-
truth labels. The hit rates for this particular frame were 0.38
(1310), 0.49 (1320), 0.23 (1330) and 0.64 (1340). The false
alarm rates were 0.002 (1310), 0.010 (1320), 0.0006 (1330)
and 0.012 (1340). The AND combination removed all of the
false positives, while hitting every car to some degree. FIG.
13 indicates that the two functionally independent process-
ing modalities hit on different areas of the car (somewhat
difficult to see due to the imposed dilation). It is also
apparent that the areas where the two processors miss are
different, suggesting that they respond to different types of
evidence for the presence of a target.

FIG. 14 illustrates graphs 1400 of ROC curves for hit
rates versus false alarm rates, according to an embodiment
of the present invention. Graph 1410 shows the ROC curve
for shape and color/texture processors. Graph 1420 shows a
zoomed portion of graph 1410. The shape processor does
better at lower false alarm thresholds. Graph 1430 shows the
results of combining the independent detectors’ ROC curves
into a curve representing a single detector. The three Bool-
ean rules used were AND, Color/Texture (i.e., the maximally
performing algorithm at the moment), and OR. The optimal
classifier is chosen at the middle point, which at the given
false alarm threshold is the Color/Texture classifier. Graph
1440 shows a zoomed portion of graph 1430 with lower
false alarm rates. The area under curve (AUC) value is the
area under the curve, an overall metric for classifier perfor-
mance when analyzing ROC curves.

Graphs 1400 of FIG. 14 indicate that the shape processor
outperformed the color/texture processor for low false alarm
thresholds, but the color/texture processor did better at
higher false alarm thresholds. The shape hits were sparser
than the color/texture hits and had better discrimination at
high confidence levels. The combined ROC (LR-ROC)
curve used two data points at similar false alarm rates from
the shape and color/texture processors. The labeled points on
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the LR-ROC curve represent optimal Boolean combination
rules for combining the two algorithms at the given false
alarm threshold.

Quantitative results were analyzed using the DARPA
scoring metric. The metric required that bounding boxes be
given for detections. The metric counted a detection box as
a hit if the intersection between the ground-truth box and the
detection box divided by the union between the two was
greater than 0.2. False negatives occur if the overlap is less
than 0.2 or if two detection boxes overlap a ground-truth
box. The test set consisted of 113 frames with 471 ground-
truth car bounding boxes. The algorithm in the embodiment
that was tested had 273 correct detections, 303 false posi-
tives, and 105 false negatives.

FIG. 15 is a flowchart 1500 illustrating a method for
combining multiple object detection approaches into a single
combined approach, according to an embodiment of the
present invention. In some embodiments, the method of
FIG. 15 may be performed, for example, by computing
system 1600 of FIG. 16. The method begins with producing
a first independent representation of objects in an image
dataset using a color/texture detection algorithm at 1510.
The color/texture detection algorithm may be configured to
learn a sparse overcomplete feature dictionary for the image
dataset. The first independent representation may include
rasterized PNG images and pixel values represent different
categories.

A second independent representation of objects in the
image dataset is produced using a shape/contour detection
algorithm at 1520. The shape/contour detection algorithm
may be configured to take into account lateral interactions
based on object-distractor difference (ODD) kernels. The
second independent representation may include neuron
activity files. In some embodiments, for each frame in the
image dataset, the color/texture detection algorithm gives a
single output and the shape/contour detection algorithm
gives an output for each object of interest.

A third independent representation of objects in the image
dataset is produced using a motion detection algorithm at
1530. The motion detection algorithm may be configured to
derive spatio-temporal filter properties for V1 neurons from
their synaptic input weights, tuned such that a center fre-
quency of a temporal band (w,,) divided by a center fre-
quency of a spatial frequency band (w,,) gives a velocity
matched by a V1 cell. The spatial filter may be implemented
using a Gaussian-shaped excitatory connection surrounded
by inhibitory Gaussian shaped flanks.

Confidence values are modified at 1540. In some embodi-
ments, motion detections are used to modify confidence
values. In certain embodiments, in addition to or in lieu of
using motion detections to modify confidence values, back-
ground labels from the color/texture detection algorithm
may be used to modify confidence values.

The first, second, and third independent representations
are then combined into a single coherent output at 1550
using a combinatorial algorithm. The representations may be
formatted as points in a matrix a size of a video frame of the
image dataset. Clusters may be formatted based on hits that
are within a predetermined proximity and of a same label. A
minimum volume enclosing ellipsoid may be found to get an
appropriate size and orientation of a bounding box.

In some embodiments, a single hierarchical network that
produces neural activity as its output could represent all the
three independent processing streams. In such embodiments,
the neural activity could be combined within a hierarchical
network by adding a top, combinatorial layer to the network.
This combinatorial layer could perform a weighted sum on
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the given inputs and output descriptive neural activity
according to what is in the presented input. This neural
activity could be used as labels for individual objects in the
presented input.

FIG. 16 is a block diagram of a computing system 1600
configured to implement a combined approach to object
detection in an image or video, according to an embodiment
of the present invention. Computing system 1600 includes a
bus 1605 or other communication mechanism for commu-
nicating information, and processor(s) 1610 coupled to bus
1605 for processing information. Processor(s) 1610 may be
any type of general or specific purpose processor, including
a central processing unit (“CPU”) or application specific
integrated circuit (“ASIC”). Processor(s) 1610 may also
have multiple processing cores, and at least some of the
cores may be configured to perform specific functions.
Computing system 1600 further includes a memory 1615 for
storing information and instructions to be executed by
processor(s) 1610. Memory 1615 can be comprised of any
combination of random access memory (“RAM”), read only
memory (“ROM?”), flash memory, cache, static storage such
as a magnetic or optical disk, or any other types of non-
transitory computer-readable media or combinations
thereof. Additionally, computing system 1600 includes a
communication device 1620, such as a transceiver, to wire-
lessly provide access to a communications network.

Non-transitory computer-readable media may be any
available media that can be accessed by processor(s) 1610
and may include both volatile and non-volatile media,
removable and non-removable media, and communication
media. Communication media may include computer-read-
able instructions, data structures, program modules or other
data in a modulated data signal such as a carrier wave or
other transport mechanism and includes any information
delivery media.

Processor(s) 1610 are further coupled via bus 1605 to a
display 1625, such as a Liquid Crystal Display (“LCD”), for
displaying information to a user. A keyboard 1630 and a
cursor control device 1635, such as a computer mouse, are
further coupled to bus 1605 to enable a user to interface with
computing system 1600. However, in certain embodiments
such as those for mobile computing implementations, a
physical keyboard and mouse may not be present, and the
user may interact with the device solely through display
1625 and/or a touchpad (not shown). Any type and combi-
nation of input devices may be used as a matter of design
choice.

In one embodiment, memory 1615 stores software mod-
ules that provide functionality when executed by
processor(s) 1610. The modules include an operating system
1640 for computing system 1600. The modules further
include a combined approach object detection module 1645
that is configured to combine multiple separate object detec-
tion approaches into a coherent output. Computing system
1600 may include one or more additional functional mod-
ules 1650 that include additional functionality.

One skilled in the art will appreciate that a “system” could
be embodied as a personal computer, a server, a console, a
personal digital assistant (“PDA™), a cell phone, a tablet
computing device, or any other suitable computing device,
or combination of devices. Presenting the above-described
functions as being performed by a “system” is not intended
to limit the scope of the present invention in any way, but is
intended to provide one example of many embodiments of
the present invention. Indeed, methods, systems and appa-
ratuses disclosed herein may be implemented in localized
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and distributed forms consistent with computing technology,
including cloud computing systems.

It should be noted that some of the system features
described in this specification have been presented as mod-
ules, in order to more particularly emphasize their imple-
mentation independence. For example, a module may be
implemented as a hardware circuit comprising custom very
large scale integration (“VLSI”) circuits or gate arrays,
off-the-shelf semiconductors such as logic chips, transistors,
or other discrete components. A module may also be imple-
mented in programmable hardware devices such as field
programmable gate arrays, programmable array logic, pro-
grammable logic devices, graphics processing units, or the
like.

A module may also be at least partially implemented in
software for execution by various types of processors. An
identified unit of executable code may, for instance, com-
prise one or more physical or logical blocks of computer
instructions that may, for instance, be organized as an object,
procedure, or function. Nevertheless, the executables of an
identified module need not be physically located together,
but may comprise disparate instructions stored in different
locations which, when joined logically together, comprise
the module and achieve the stated purpose for the module.
Further, modules may be stored on a computer-readable
medium, which may be, for instance, a hard disk drive, flash
device, RAM, tape, or any other such medium used to store
data.

Indeed, a module of executable code could be a single
instruction, or many instructions, and may even be distrib-
uted over several different code segments, among different
programs, and across several memory devices. Similarly,
operational data may be identified and illustrated herein
within modules, and may be embodied in any suitable form
and organized within any suitable type of data structure. The
operational data may be collected as a single data set, or may
be distributed over different locations including over differ-
ent storage devices, and may exist, at least partially, merely
as electronic signals on a system or network.

The method steps performed in FIG. 15 may be performed
by a computer program, encoding instructions for the non-
linear adaptive processor to perform at least the method
described in FIG. 15, in accordance with embodiments of
the present invention. The computer program may be
embodied on a non-transitory computer-readable medium.
The computer-readable medium may be, but is not limited
to, a hard disk drive, a flash device, a random access
memory, a tape, or any other such medium used to store data.
The computer program may include encoded instructions for
controlling the nonlinear adaptive processor to implement
the method described in FIG. 15, which may also be stored
on the computer-readable medium.

The computer program can be implemented in hardware,
software, or a hybrid implementation. The computer pro-
gram can be composed of modules that are in operative
communication with one another, and which are designed to
pass information or instructions to display. The computer
program can be configured to operate on a general purpose
computer, or an ASIC.

It will be readily understood that the components of
various embodiments of the present invention, as generally
described and illustrated in the figures herein, may be
arranged and designed in a wide variety of different con-
figurations. Thus, the detailed description of the embodi-
ments of the systems, apparatuses, methods, and computer
programs of the present invention, as represented in the
attached figures, is not intended to limit the scope of the
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invention as claimed, but is merely representative of selected
embodiments of the invention.

The features, structures, or characteristics of the invention
described throughout this specification may be combined in
any suitable manner in one or more embodiments. For
example, reference throughout this specification to “certain
embodiments,” “some embodiments,” or similar language
means that a particular feature, structure, or characteristic
described in connection with the embodiment is included in
at least one embodiment of the present invention. Thus,
appearances of the phrases “in certain embodiments,” “in
some embodiment,” “in other embodiments,” or similar
language throughout this specification do not necessarily all
refer to the same group of embodiments and the described
features, structures, or characteristics may be combined in
any suitable manner in one or more embodiments.

It should be noted that reference throughout this specifi-
cation to features, advantages, or similar language does not
imply that all of the features and advantages that may be
realized with the present invention should be or are in any
single embodiment of the invention. Rather, language refer-
ring to the features and advantages is understood to mean
that a specific feature, advantage, or characteristic described
in connection with an embodiment is included in at least one
embodiment of the present invention. Thus, discussion of
the features and advantages, and similar language, through-
out this specification may, but do not necessarily, refer to the
same embodiment.

Furthermore, the described features, advantages, and
characteristics of the invention may be combined in any
suitable manner in one or more embodiments. One skilled in
the relevant art will recognize that the invention can be
practiced without one or more of the specific features or
advantages of a particular embodiment. In other instances,
additional features and advantages may be recognized in
certain embodiments that may not be present in all embodi-
ments of the invention.

One having ordinary skill in the art will readily under-
stand that the invention as discussed above may be practiced
with steps in a different order, and/or with hardware ele-
ments in configurations which are different than those which
are disclosed. Therefore, although the invention has been
described based upon these preferred embodiments, it would
be apparent to those of skill in the art that certain modifi-
cations, variations, and alternative constructions would be
apparent, while remaining within the spirit and scope of the
invention. In order to determine the metes and bounds of the
invention, therefore, reference should be made to the
appended claims.

The invention claimed is:

1. A computer-implemented method, comprising:

combining, by a computing system, pixel-based and fea-
ture-based dictionaries to reduce effective dimension-
ality of feature-based inputs, augmenting learning of
the feature-based dictionaries;

producing, by the computing system, a hierarchical net-
work of a plurality of computational layers for color/
texture analysis of an image or video;

creating vertical competition, by the computing system,
between the plurality of computational layers by
including top-down feedback from subsequent layers to
previous layers; and

generating cortical representations, by the computing
system, at each hierarchical layer incorporating the
top-down feedback to reduce redundancy and increase
sparseness of the generated cortical representations.
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2. The computer-implemented method of claim 1, further
comprising:

employing pixel-based dictionaries, by the computing

system, to guide acquisition of feature-based diction-
aries by training a first layer of dictionary elements on
image patches and training subsequent layers on a
combination of direct feature-based inputs and down-
sampled, pixel-based inputs arising from images gen-
erated by sparsely activated features of a previous layer.

3. The computer-implemented method of claim 1, further
comprising:

subdividing the plurality of computational layers, by the

computing system, into a first stage of selective feature
detectors and a second stage of invariant feature detec-
tors that are implemented by combining local and
lateral dictionaries, wherein

the selective feature detectors form a first stage of pro-

cessing within each layer of the plurality of computa-
tional layers, and

the invariant feature detectors form a second stage of

processing within each layer of the plurality of com-
putational layers.

4. The computer-implemented method of claim 3, further
comprising:

creating lateral competition, by the computing system,

among invariant feature detectors in a given layer by
receiving and processing spatially convergent lateral
input from a surrounding neighborhood of the selective
feature detectors in the layer, resulting in interlayer
invariance to linear and non-linear transformations
while maintaining scalability.

5. The computer-implemented method of claim 1,
wherein the entire hierarchical network is learned simulta-
neously.

6. The computer-implemented method of claim 1, further
comprising:

training, by the computing system, a target class kernel

and a distractor class kernel using ground truth bound-
ing boxes;

creating, by the computing system, an object-distractor

difference kernel that represents a normalized differ-
ence between the target class kernel and the distractor
class kernel; and

processing each layer, by the computing system, using an

ODD kernel, wherein

the processing is performed in real time.

7. The computer-implemented method of claim 1, further
comprising:

outputting rasterized images, by the computing system,

for color/texture analysis, shape/contour analysis, and/
or motion analysis, wherein pixel values for the one or
more rasterized images represent different categories or
levels of activation; and

combining the rasterized images, by the computing sys-

tem, into a coherent and intelligible output utilizing a
spatially aware combination method or representing
each rasterized image as a neuronal activity file that can
be combined within the hierarchical network itself.

8. The computer-implemented method of claim 1, further
comprising:

representing each classifier of a plurality of classifiers, by

the computing system, as a binary detector comprising
logical binary images.

9. The computer-implemented method of claim 8, further
comprising:

deriving hit rate and false alarm values, by the computing

system, on a pixel level, wherein
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pixels inside a ground-truth box are considered to be an
object and pixels outside the ground-truth box are
considered not to be the object.

10. The computer-implemented method of claim 9, fur-
ther comprising:

computing Boolean combination rules, by the computing

system, and determining an optimal Boolean combina-
tion rule;

combining outputs of the classifiers, by the computing

system, based on the computed optimal Boolean com-
bination rule;

clustering hits, by the computing system, using a spatial

clustering algorithm; and

outputting, by the computing system, bounding box loca-

tions, labels, and label confidences based on the clus-
tered hits.

11. The computer-implemented method of claim 1, further
comprising:

learning pixel-based dictionaries, by the computing sys-

tem, from reconstructed images generated by a sparse
set of features that are active in the previous layer in
response to a given image or video frame.

12. The computer-implemented method of claim 1,
wherein the image or video comprises satellite image or
video, one or more regional-scale satellite imagery collec-
tions for monitoring change over time of geographic or
man-made features, multi-spectral satellite imagery, or any
combination thereof.

13. The computer-implemented method of claim 12, fur-
ther comprising:

down-sampling a reconstructed image generated by the

sparse set of features with non-zero activity, by the
computing system, so that a required size of the pixel-
based dictionaries remains constant at each layer of the
plurality of computational layers in the hierarchical
network.

14. A computer program embodied on a non-transitory
computer-readable medium, the program configured to
cause at least one processor to:

produce a hierarchical network of a plurality of compu-

tational layers for color/texture analysis of an image or
video, shape/contour analysis of the image or video,
motion analysis of the image or video, or any combi-
nation thereof, the image or video comprising satellite
image or video, one or more regional-scale satellite
imagery collections for monitoring change over time of
geographic or man-made features, multi-spectral satel-
lite imagery, or any combination thereof;

create vertical competition between the plurality of com-

putational layers by including top-down feedback from
subsequent layers to previous layers;

create lateral competition among invariant feature detec-

tors in each computational layer by receiving and
processing spatially convergent lateral input from a
surrounding neighborhood of selective feature detec-
tors in the respective layer; and

generate cortical representations at each hierarchical layer

incorporating the top-down feedback to reduce redun-
dancy and increase sparseness of the generated cortical
representations.

15. The computer program of claim 14, the program
configured to cause the at least one processor to:

employ pixel-based dictionaries, by the computing sys-

tem, to guide acquisition of the feature-based diction-
aries by training a first layer of dictionary elements on
image patches and training subsequent layers on a
combination of direct feature-based inputs and down-
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sampled, pixel-based inputs arising from images gen-
erated by sparsely activated features of a previous
layer; and

combine the pixel-based and feature-based dictionaries to
reduce effective dimensionality of feature-based inputs,
augmenting learning of the feature-based dictionaries.

16. The computer program of claim 14, the program

further configured to cause the at least one processor to:

subdivide the plurality of computational layers into a first
stage of selective feature detectors and a second stage
of invariant feature detectors that are implemented by
combining local and lateral dictionaries; and

create lateral competition among invariant feature detec-
tors in a given layer by receiving and processing
spatially convergent lateral input from a surrounding
neighborhood of the selective feature detectors in the
layer, resulting in interlayer invariance to linear and
non-linear transformations while maintaining scalabil-
ity, wherein

the selective feature detectors form a first stage of pro-
cessing within each layer of the plurality of computa-
tional layers, and

the invariant feature detectors form a second stage of
processing within each layer of the plurality of com-
putational layers.

17. The computer program of claim 14, the program

further configured to cause the at least one processor to:

represent each classifier of a plurality of classifiers as a
binary detector comprising logical binary images;

derive hit rate and false alarm values on a pixel level,
wherein pixels inside a ground-truth box are considered
to be an object and pixels outside the ground-truth box
are considered not to be the object;

compute Boolean combination rules and determine an
optimal Boolean combination rule;

combine outputs of the classifiers based on the computed
optimal Boolean combination rule;

cluster hits using a spatial clustering algorithm; and

output bounding box locations, labels, and label confi-
dences based on the clustered hits.
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18. An apparatus, comprising:
memory storing computer program instructions; and
at least one processor configured to execute the computer
program instructions, the at least one processor con-
figured to:
create vertical competition between a plurality of com-
putational layers of a hierarchical network by includ-
ing top-down feedback from subsequent layers to
previous layers,
train a target class kernel and a distractor class kernel
using ground truth bounding boxes,
create an object-distractor difference kernel that repre-
sents a normalized difference between the target
class kernel and the distractor class kernel, and
process each layer using an ODD kernel, wherein
the processing is performed in real time.
19. The apparatus of claim 18, wherein the at least one
processor is further configured to:
employ pixel-based dictionaries, by the computing sys-
tem, to guide acquisition of the feature-based diction-
aries by training a first layer of dictionary elements on
image patches and training subsequent layers on a
combination of direct feature-based inputs and down-
sampled, pixel-based inputs arising from images gen-
erated by sparsely activated features of a previous
layer;
combine the pixel-based and feature-based dictionaries to
reduce effective dimensionality of feature-based inputs,
augmenting learning of the feature-based dictionaries;
subdivide the plurality of computational layers into a first
stage of selective feature detectors and a second stage
of invariant feature detectors that are implemented by
combining local and lateral dictionaries; and
create lateral competition among invariant feature detec-
tors in a given layer by receiving and processing
spatially convergent lateral input from a surrounding
neighborhood of the selective feature detectors in the
layer, resulting in interlayer invariance to linear and
non-linear transformations while maintaining scalabil-

1ty.



